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Abstract— Despite the advancements in deep learning for
camera relocalization tasks, obtaining ground truth pose labels
required for the training process remains a costly endeavor.
While current weakly supervised methods excel in lightweight
label generation, their performance notably declines in sce-
narios with sparse views. In response to this challenge, we
introduce WSCLoc, a system capable of being customized to
various deep learning-based relocalization models to enhance
their performance under weakly-supervised and sparse view
conditions. This is realized with two stages. In the initial stage,
WSCLoc employs a multilayer perceptron-based structure
called WFT-NeRF to co-optimize image reconstruction quality
and initial pose information. To ensure a stable learning process,
we incorporate temporal information as input. Furthermore,
instead of optimizing SE(3), we opt for sim(3) optimization to
explicitly enforce a scale constraint. In the second stage, we co-
optimize the pre-trained WFT-NeRF and WFT-Pose. This op-
timization is enhanced by Time-Encoding based Random View
Synthesis and supervised by inter-frame geometric constraints
that consider pose, depth, and RGB information. We validate
our approaches on two publicly available datasets, one outdoor
and one indoor. Our experimental results demonstrate that our
weakly-supervised relocalization solutions achieve superior pose
estimation accuracy in sparse-view scenarios, comparable to
state-of-the-art camera relocalization methods. We will make
our code publicly available.

I. INTRODUCTION

Deep learning-based camera relocalization, which is essen-
tial in fields like autonomous driving and augmented reality
(AR), continues to be a prominent area of research. This
technology employs neural networks to implicitly learn a
map of a given scene, allowing for the estimation of free-
trajectories for a moving camera based on captured images.
While state-of-the-art methods achieve high accuracy, they
heavily rely on manually annotating dense-view images,
posing two main challenges: Firstly, additional sensors like
RGB-D cameras or LiDAR are often required. Secondly,
this process can be time-consuming and involve significant
manual effort, sometimes necessitating a dedicated team for
up to a year [1].

To achieve weakly-supervised camera relocalization with-
out heavy handcrafted labels, recent advancements leverage
Structure-from-Motion (SfM) techniques [2], [3] to auto-
matically generate labeled images from RGB data alone,
eliminating the need for additional sensors. However, this
approach still relies on dense-view images, which are com-
putationally demanding and impractical for consumer-grade
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devices due to resource constraints. The primary challenges
stem from the lack of depth information, leading to scale
drift, and image distortions like motion blur, significantly
impacting performance in sparse-view scenarios.

In this study, we introduce Weakly-Supervised Sparse-
View Camera Relocalization via Radiance Field (WSCLoc),
a system designed to achieve weakly-supervised camera
relocalization without heavy handcrafted labels and achieve
state-of-the-art relocalization performance in sparse view
scenarios. Our approach comprises two stages. In the initial
stage, we utilize neural radiance techniques to generate
pose labels under sparse-view conditions through our WFT-
NeRF model. In the following stage, we introduce WFT-
Pose, leveraging the previously generated pose labels for
relocalization network training. Additionally, performance is
enhanced through inter-frame geometric constraints from the
pre-trained WFT-NeRF model. During the inference stage,
this pose estimator enables rapid pose estimation for unseen
images within the current scene. Our contributions can be
summarized as follows:

o« We propose a WFT-NeRF model that employs neu-
ral radiance techniques to generate pose labels from
highly sparse views, particularly in scenarios with free-
trajectories and large-scale settings, without the need for
additional sensors.

o Leveraging the pose labels acquired in the initial stage,
we propose WSCLoc, a system capable of being cus-
tomized to various deep learning-based relocalization
models to enhance their performance under weakly-
supervised and sparse view conditions.

o Comprehensive experiments are conducted on a publicly
available large-scale outdoor dataset and an indoor
dataset to validate the effectiveness of our model.

II. RELATED WORK
A. Weakly Supervised Camera Relocalization

Camera relocalization determines a camera’s precise 6-
DoF pose based on input images. Recent deep-learning
methods, like CNNs [4], [2], [5], [6], [7], [8], offer efficient
and accurate pose estimation. However, these methods rely
on precise pose labels, requiring additional sensors (e.g.,
RGB-D cameras, LiDAR, GPS) and time-consuming data
preprocessing (e.g., depth map alignment) [9]. In works such
as [2], [3], weakly supervised relocalization has been suc-
cessfully achieved using the Structure-from-Motion (SfM)
[10] technique, but faces challenges in providing accurate
pose labels due to issues like scale drift, image deformation
in sparse-view scenarios.
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WSCLoc System Workflow. In the WFT-NeRF Stage (left), time encodings are generated for each image, and initial pose labels are obtained

during the simultaneous training of the WFT-NeRF model. In the WFT-Pose Stage (right), the training set is augmented using TE-based RVS (not shown
in the figure). Consecutive frames are then fed into the target relocalization model in each iteration to calculate the pose loss and inter-frame geometric
constraint loss. Finally, the relocalization model is trained by minimizing the overall loss.

B. Sparse-View Camera Relocalization

Recent advancements in camera pose estimation have
yielded noteworthy contributions. For instance, RelPose [11]
introduced a category-agnostic method for camera pose esti-
mation, excelling particularly in rotation prediction but con-
strained by its ability to only predict rotations. Concurrently,
SparsePose [12] pioneered camera pose regression followed
by iterative refinement, while RelPose++ [13] decouples rota-
tion estimation ambiguity from translation prediction through
a novel coordinate system. However, these methods are
confined to object-centric scenes. Moreover, [14] and PoseD-
iffusion [15], have shown promising results in camera pose
estimation with very few annotated images. It’s worth noting,
though, that these methods still require additional sensors or
dense-view structure-from-motion (SfM) reconstruction for
image annotation. These research endeavors open new pos-
sibilities in camera pose estimation, yet underscore the need
for further efforts to address data annotation requirements
and applicability challenges in real-world scenarios.

C. NeRF with Pose Estimation

In recent research, there’s a focus on eliminating the need
for camera parameter preprocessing. Some methods like [16],
[17], [18], [19], [20] rely on accurate camera poses from a
SLAM tracking system or a pre-trained NeRF model. On
the other hand, methods like [21], [22], [23], [24] go a
step further by optimizing noisy camera poses during NeRF
training. While these methods show promise for forward-
facing datasets, they are often limited to handling forward-
facing scenes or 360° object-centric unbounded scenes.

III. METHODS

The unsupervised camera relocalization is realized by
WSCLoc with two steps. During the first step, WFT-NeRF
is trained to generate initial pose information. During the
second step, WFT-Pose is co-optimized with the WFT-NeRF
to realize accurate pose estimation for unseen images.

Time Linear L
[ti] K%ﬁ;‘m

-

@z MLP

[ti] X’ g;nsity
w Ctransient

s Y-Histogram
Time Index Transient Wiz | > color
Embedding TR
uncertainty
Reconstructed Image
XYZ T Obase rendered I
position > )~ » density —— R
2
Ray Sampling n
Pi: Camera over Featurepoints MLP 3 “
. on Reference Image (1)
Pose sim(3)
Back
Refine sim(3) Pose .
W _refncsimpore FGAIN W

Fig. 2. Structure of WFT-NeRF. During video capture, reference images
are encoded with temporal information (¢;) using discrete time indices to
minimize motion-related blurring. Grayscale levels in YUV are encoded
for consistent exposure and appearance. Our NeRF training involves three
sets of MLPs: 1. The base network estimates volume density and hidden
state after coarse ray sampling. 2. Middle MLPs perform fine-ray sampling
for appearance, estimating density and color. 3. Top MLPs handle fine-ray
sampling for transient properties, estimating density, color, and uncertainty
to filter transient objects. Losses between the rendered and reference images
optimize pose during backpropagation, simultaneously optimizing NeRF and
sim(3) poses. Only the base network is used for testing.

A. Weakly-supervised Free-Trajectory (WFT) NeRF

While methods like [22], [21] can refine noisy cam-
era poses during NeRF training, they are inadequate for
large-scale or free-trajectory scenes. The NeRF model from
[6], [25] can handle such scenarios but lacks direct pose
optimization capabilities. This is primarily because RGB
images from monocular cameras can introduce scale drift,
and artifacts may occur during NeRF model training due to
distortions in images, such as rolling shutter effects, object
deformations, or motion blur [26]. To tackle these challenges,
we introduced two key enhancements: 1. Explicit Scale Con-
straint to mitigate scale drifting. 2. Explicit Time Encoding
to handle image distortions like boundary blurriness.

1) Explicit Scale Constraint to Address Scale Drifting:
To mitigate scale drift, we introduce an additional scale
factor s using similarity transformations instead of Euclidean

8414



transformations (SF(3)) [27]. Given an initial SE(3) pose,
we represent the transformation as a 4 x 4 matrix (see
Eq. (1)), where R, t, and s denote the rotation matrix,
translation matrix, and scale factor, respectively. To maintain
the estimated pose within the pose manifold during gradient-
based optimization, we parameterize it using exponential
coordinates.

sim(3) = [Slﬁ t} e RY, (1)

0" 1

To maintain the estimated pose within the pose manifold
during gradient-based optimization, we parameterize it using
exponential coordinates. Thus, we represent the transforma-
tion as a 7-dimensional sim(3) vector, as shown in Eq. (2).
Their exponential mapping relationships are described in
Eq. (3, 4), where the axis-angle representation is defined as

¢ = fa, a is a unit direction vector, and # = arccos %
is the magnitude [27].
p 7
sim3) =< P|P=|¢p| eR' 5, 2)
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In addition, considering that almost all NeRF methods
utilize R and t to jointly render volume density but addi-
tionally employ R to render color, we opted to independently
optimize the translation and rotation components at different
training rates, rather than equally optimizing the entire 7-
dimensional sim(3) vector.

ppc = argminL(P | I, ®), )
ppseER”

In the end, the problem of optimizing poses can be
expressed using (Eq. (4)). Let © represent the parameters
of WFT-NeRF, P; = ¢ exp(¢p;' )P denote the estimated
camera pose at the current optimization step ¢, I represent the
observed image, and L be the loss used for training WFT-
NeRF. Our goal is to determine the optimal pose starting
from an initial estimate Py (in the sparse-view scenario, we
obtain initial noisy pose estimates P from SfM techniques).
To achieve this, we employ gradient descent with the Adam
optimizer to independently optimize the three components
(p, ¢, and o) of the sim(3) pose using the photometric loss
function L of NeRF.

2) Explicit Time Encoding to Addresses Boundary Blur-
riness: Large-scale or free-trajectories scenarios can easily
introduce camera rolling shutter effects and motion blur,
which may lead to artifacts during the training of the NeRF
model (Fig. 3), as demonstrated in [26], ultimately resulting
in incorrect pose estimations.

To mitigate this issue, we explicitly encode discrete time
indices for the input images (as shown in Fig. 2). This intro-
duces additional timestamp constraints to the pixel positions

ethod §_Nerf[7] WFT-Nerf Ground
Dataset™~. (Baseline)  (ours) -truth

7-Scenes

Fig. 3. Qualitative Comparison. Large-scale or free-trajectories can
introduce camera rolling shutter effects and motion blur, causing artifacts
during NeRF model training and resulting in incorrect pose estimations. We
mitigate this by explicitly encoding time indices for input images, rectifying
deformed ground truth images, and enhancing robustness to motion blur with
sharper object boundaries.

for each frame, effectively enforcing the camera’s impact on
objects to be smoother and reducing the boundary blurring
caused by the camera’s motion. As depicted in Fig. 3, this
enables us to rectify deformed ground truth images, render-
ing sharper object boundaries, thereby enhancing robustness
to motion blur.

3) WFT-NeRF Structure Design: The training process of
WFT-NeRF is shown in Fig. 2. To handle poses for large-
scale or free-trajectories scenes, our WFT-NeRF structure
is built upon a state-of-the-art NeRF model, showcased in
[6]. In addition to incorporating our proposed techniques
mentioned in III-A.2 III-A.1, we made two additional ad-
justments to further enhance its effectiveness: 1. To stabilize
camera trajectory optimization in large scenes and ensure
accurate registration, we replaced the original full positional
encoding with a softer variant from [3]. This variant begins
with a smooth signal and gradually shifts focus to learn a
high-fidelity scene representation. We strongly recommend
readers to refer to [6], [3] for more details. 2. To reduce com-
putational costs, [6], [19], [22] employ partial ray sampling
for faster training while maintaining accuracy. Our approach
stands out by using SIFT feature extraction [28] to identify
and match feature points between adjacent frames, enhancing
rendering efficiency and performance in feature-rich areas for
weakly supervised relocalization network training.
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B. Weakly-supervised Free-Trajectory Pose (WFT-Pose)

In this section, we introduce WFT-Pose, a system capable
of being customized to various deep learning-based relocal-
ization models to enhance their performance under weakly-
supervised and sparse view conditions. When applied to a
target relocalization model, WFT-Pose optimizes it along-
side a pre-trained WFT-NeRF model, integrating additional
inter-frame geometric constraints and Time-Encoding Based
Random View Synthesis (TE-based RVS) data augmentation
to ensure accurate pose estimation for unseen images.

1) Inter-Frame Geometric Constraints: To compensate
for the lack of scale information and mitigate scale drift
issues in the input images from monocular cameras, we
used depth maps generated by the WFT-NeRF to compute a
point cloud loss based on KL divergence between adjacent
frames. During this process, WFT-NeRF is pre-trained, and
its weights are frozen.

During the training phase, for each pair of adjacent images
(denoted as {I;, I;1+1}, we perform feature matching to
obtain a set of normalized coordinates of feature points
{Xi, X;11} on the image plane by employing SIFT feature
extraction [28] and nearest-neighbor search based on k-
dimensional trees (k-d trees) [29].

Then we back-project the depth map {d;, d;;1} rendered
by the pre-trained WFT-NeRF using the estimate poses {P;,
P, 1} obtained by the target relocalization model, to point
clouds {C;, C;41} and optimise the relative pose between
consecutive point clouds by minimising the point cloud loss
L, (see Eq. (6, 7)), where P;1; = P1111 - P; represents the
relative pose that transforms point cloud C; to Cjy;.

Lpe= Y (Ciy1, Pus, iy Ci) 6)
(i, iJrl)

= Z (dig1Xiv1Piy1, Pt o) diXiP;),  (7)
(i, iJrl)

Since d; and d; 41 inherently contain noise, and the feature
points are quite sparse, we additionally introduce a KL
divergence loss to further reduce the discrepancy between
the distributions of the two frames. The final inter-frame
geometric constraint loss (abbreviated as IF Loss) is shown in
(Eq. (8)), where P;;; and P; are the probability distributions
of Ci11 and Py, 4 Ci, respectively.

Lip = Lye+ ) (KL[Pi1,Pi)), (8)
(4, i+1)

2) Time-Encoding Based Random View Synthesis (TE-
Based RVS): To enhance generalization, we adopt a strategy
akin to [30], [6] for generating additional training data by
perturbing poses with NeRF. In contrast to previous methods,
we utilize pretrained WFT-NeRF to introduce additional
time encoding to these perturbed poses, thereby improving
image sharpness and augmenting the effectiveness of data
augmentation. TE-based RVS poses are generated around the
training pose with a random translation and rotation noise of
0.2m and 10° respectively. For spaese-view scenarios with

20% and 10% of the train set images, we generate synthetic
images at scales of 5, and 10 times the original number of
images to ensure an equal scale of training images across all
conditions.

C. Weakly-supervised camera relocalization (WSCLoc)

Expanding on our WFT-NeRF and WFT-Pose frameworks,
we introduce WSCLoc, a versatile system designed to be
capable of being customized to various deep learning-based
relocalization models to enhance their performance under
weakly-supervised and sparse view conditions. When in-
tegrated into a target relocalization model, WSCLoc first
generates pose labels by training the WFT-NeRF model. Sub-
sequently, it co-optimizes the target relocalization model with
pre-trained WFT-NeRF to achieve accurate pose estimation
for unseen images. The detailed workflow of WSCLoc is
outlined below:

Training Phase of the WSCLoc (Fig. 1) is as follows:

1) Image preprocessing Given a series of RGB images,
generate time encodings t;,1;, ... for each image, and
perform feature matching between adjacent frames.

2) WFT-NeRF Stage: Pose Label Generation Gen-
erating initial pose labels {P;, Piy1,...} during the
simultaneous training of the WFT-NeRF model.

3) WFT-Pose Stage: Relocalization Model Training
First, augment the training set using TE-based RVS.
Then, in each iteration, feed two consecutive frames
(I;,I;+1) into the target relocalization model to cal-
culate the pose loss and our inter-frame geometric
constraint loss (Eq. (8)). The relocalization model is
trained by minimizing the overall loss.

During the testing phase, we retain only the relocalization

network for pose estimation.

IV. EXPERIMENTS
A. Relocalization Models and Evaluation Metrics

To showcase the versatility of our system, we apply our
WSCLoc to enhance two models for weakly supervised
relocalization: DFNet [6], a state-of-the-art NeRF-based
model, and PoseNet [2], the most traditional end-to-end
relocalization model. In this study, we adhere to the same
evaluation strategies and datasets as the original papers for all
models to ensure a fair comparison. Specifically, we evaluate
the median translation error (m) and median rotation error
(degree) for all models.

B. Datasets

We assess the effectiveness of our method using two
widely-used datasets. The 7-Scenes Dataset [31] encom-
passes seven indoor scenes featuring RGB images, depth
maps, and ground truth camera poses obtained from Kinect-
Fusion. The Cambridge Landmarks Dataset [2] comprises
six large-scale outdoor scenes with RGB images, visual re-
constructions of each scene, and 6-DoF ground truth camera
poses reconstructed using SfM. Notably, due to inaccuracies
in the 3D reconstruction of the STREET scene in Cambridge,
consistent with prior studies [32], [6], our experiments are
conducted solely on the remaining five scenes.
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C. Implementation Details

We trained all models under the dense-view condition
(trained with 100% of the train set images) and two sparse-
view conditions (trained with 20% and 10% of the train
set images), and then tested them on the complete (100%
images) test set. In the sparse-view experiments, we obtained
the training set images by uniformly sampling every 5th and
10th image to achieve 20% and 10% of the training set,
respectively, and then generated corresponding pose labels
using SfM. It is worth noting that we chose the 20% and 10%
image settings for experimentation because SfM fails to work
properly in many scenes of these datasets when fewer than
10% of the images are used. We utilized COLMAP [33], one
of the most popular Structure-from-Motion (SfM) tools, to
generate train set pose labels for all scenes under sparse-view
conditions. To ensure fairness in comparison, we maintained
consistent hyperparameters across all models, following the
settings used in the original papers. For training the WFT-
NeRF models, we set the learning rate to 0.001. Training was
conducted until convergence on a single Nvidia RTX-3090
GPU.

D. WSCLoc Performance Evaluation

As WSCLoc is capable of being customized to various
deep learning-based relocalization models to enhance their
performance under weakly-supervised and sparse view con-
ditions, we leverage our WSCLoc approach to enhance the
DFENet [6] model, a state-of-the-art NeRF-based model, for
weakly supervised relocalization, and compare its perfor-
mance with that of the origional DFNet. Additionally, we
conducted supplementary experiments on PoseNet [2], a
conventional end-to-end relocalization model, to demonstrate
the versatility of our approach.

1) Evaluation on DFNet [6] Model: In this section, we
leverage our WSCLoc approach to enhance the DFNet model
for weakly supervised relocalization.In the WFT-NeRF train-
ing stage, in sparse-view scenarios, we simultaneously gener-
ate pose labels while training the WFT-NeRF. Subsequently,
in the WFT-Pose stage, we integrate our NVS and inter-
frame geometric constraints into the vanilla PoseNet model.
We then benchmark against the origional DFNet [6] and
conduct experiments on both the large-scale outdoor dataset
(Cambridge Landmark [2]) and the indoor dataset (7scenes
[31]) to evaluate their performances.

Evaluation on 7-Scenes Dataset The experimental results
on the 7-Scenes indoor dataset with complex trajectories are
shown in Table 1. In sparse-view scenarios, as mentioned in
Section I, the pose estimation accuracy from SfM tends to be
noisier, resulting in lower relocalization accuracy for baseline
methods (e.g., DFNet) compared to dense-view conditions.
In contrast, our WSCLoc achieves relocalization accuracy
comparable to dense-view conditions, even outperforming
the benchmarks in some scenarios with only 10% of the
images (e.g., fire, redkitchen). In dense-view scenarios, our
method achieves comparable results to the baseline. How-
ever, in certain cases, the baseline outperforms ours, possibly

due to errors introduced by incorrect feature matching during
FT Loss computation.

Evaluation on Cambridge Dataset We then evaluated our
method on a more challenging large-scale outdoor dataset.
The experimental results are summarized in Table II. In
the sparse-view scenario, all relocalization accuracies of
the baseline noticeably degrade. In contrast, our WSCLoc
method outperforms the baseline in all sparse-view scenarios,
particularly achieving a 51% and 33% improvement over
the averaged median translation and rotation errors in the
10% images scenario compared to the baseline performance.
In dense-view scenarios, our method achieves comparable
results to the baseline, but in some cases, the baseline
outperforms ours due to potential errors in feature matching
during FT Loss computation.

2) Evaluation on PoseNet [2] Model: To demonstrate the
versatility of our WSCLoc system, we applied it to the
classic end-to-end relocalization model, PoseNet [2], using
the methodology outlined in Section IV-D.1. Following this,
we conducted comparative experiments on the large-scale
Cambridge dataset against the baseline PoseNet model. Table
IIT illustrates a notable decline in pose accuracy for the
vanilla PoseNet with increasing view sparsity. In contrast,
our WSCLoc method achieves results comparable to those
obtained in dense-view scenarios. This indicates the effec-
tiveness of WSCLoc in addressing the challenges posed by
sparse views in camera relocalization tasks.

E. WFT-NeRF Performance Evaluation

1) Quantitative Results for Pose Label Generation: This
section quantitatively demonstrates the performance of WFT-
NeRF in generating pose labels in sparse-view scenarios. We
obtained 20% and 10% of the train set images by uniformly
sampling every 5th and 10th image, respectively, and then
used SfM to generate pose labels in these two sparse-view
scenarios. Subsequently, we compared the median translation
and rotation errors between the pose labels generated by
WFT-NeRF and the precise pose labels generated by SfM
in the dense-view (100% train set images) scenario.

The experimental results are shown in Table IV. Compared
to the precise poses obtained in the dense-view scenario, the
pose error generated by SfM in both sparse-view scenarios
with 20% and 10% of the images are significantly larger,
and the errors increase as the sparsity increases. In contrast,
the median translation and rotation errors of poses generated
by WFT-NeRF are much closer to the ground truth poses
botained in the dense-view scenario, demonstrating the abil-
ity of WFT-NeRF to effectively produce pose labels close to
dense-view level even in highly sparse-view scenarios.

2) QualitativeResults for Image Rendering: This section
qualitatively demonstrates the performance of WFT-NeRF
in rendering images in large-scale and complex trajectories
scenes. We employed DFNet’s Histogram-assisted NeRF
[6], a state-of-the-art NeRF variant capable of operating in
large-scale or free-trajectory scenes, as our baseline. We
conducted experiments on both the large-scale Cambridge
dataset and the 7-Scenes dataset with complex trajectories.
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TABLE I
PERFORMANCE EVALUATION OF WSCLOC ON THE DFNET MODEL [6] USING THE 7-SCENES DATASET [31]. WE FOLLOW THE ORIGINAL
PAPERS’ EVALUATION PROTOCOLS TO ENSURE FAIRNESS. SPECIFICALLY, WE MEASURE MEDIAN TRANSLATION AND ROTATION ERRORS IN m/°.

JoImgs Method \ Chess Fire Heads Office Pumpkin Kitdhen Stairs

100% DFNet[7] 0.05/1.88 0.17/6.45 0.06/3.63 0.08/2.48 0.10/2.78 0.22/5.45 0.16/3.29

¢ WSCLoc 0.05/1.83 0.13/4.80 0.07/3.88 0.13/2.99 0.10/2.33 0.14/3.83 0.18/3.20

20% DFNet[7] 0.18/6.30 0.41/10.12 0.21/14.04 0.82/9.43 0.40/8.51 0.51/12.82 0.79/12.20

¢ WSCLoc 0.05/1.84 0.13/4.97 0.07/3.90 0.12/3.24 0.10/2.46 0.14/3.95 0.18/3.68

10% DFNet[7] 0.19/9.23 0.52/10.88 0.21/16.17 0.90/10.21 0.44/9.01 0.60/13.08 0.79/14.11

¢ WSCLoc 0.05/1.86 0.17/5.33 0.13/7.19 0.14/3.78 0.11/2.90 0.14/3.76 0.22/4.71

TABLE II Ground Truth | Complete WFT-NERF __ WFT-NERF _ WFT-NERF
PERFORMANCE EVALUATION OF WSCLOC ON THE DFNET MODEL i WFT-NERF No TE NoSC  NoTE, NoSC

[6] USING THE CAMBRIDGE DATASET [2]. WE MEASURE MEDIAN
TRANSLATION AND ROTATION ERRORS IN m /.

Disparity Map

%Imgs Method \ Kings Hospital Shop Church
100% DFNet[7] | 0.73/2.37  2.00/2.98  0.67/2.21 1.37/4.03
°  WSCLoc | 0.71/2.07  2.00/2.79 1.02/2.92 1.52/3.98
20% DFNet[7] | 1.93/8.02 4.12/8.30 2.11/10.05  5.30/12.12
¢ WSCLoc | 1.31/2.59 2.94/3.61  1.38/5.85 3.16/6.73
10% DFNet[7] | 2.39/8.77 4.30/9.78  3.47/12.20  7.02/14.77
? WSCLoc | 1.69/2.74 3.47/3.85  2.48/8.64 3.78/7.73
TABLE III

PERFORMANCE EVALUATION OF WSCLOC ON THE POSENET
MODEL [2] USING THE CAMBRIDGE DATASET [2]. WE MEASURE
MEDIAN TRANSLATION AND ROTATION ERRORS IN m/°.

% Imgs Method | Avg. Pose Error
100 % PoseNet [2] 2.04/6.23
°  WSCLoc (PN) 1.99/5.18
20 % PoseNet [2] 4.85/18.62
°  WSCLoc (PN) 2.47/6.33
10 % PoseNet [2] 8.02/20.38
’  WSCLoc (PN) 2.82/7.41

TABLE IV
THE ERROR BETWEEN GENERATED POSE LABELS UNDER
SPARSE-VIEWS AND THOSE GENERATED UNDER DENSE-VIEW (100 %)
BY SFM. WE MEASURE MEDIAN TRANSLATION AND ROTATION ERRORS

INm/°.
Data Set % Imgs | SfM WFT-NeRF
7 Seencs 20 % 1.52/7.11  0.05/0.31
10 % 1.64/7.83  0.07/0.41
Cambridee 20 % 1.16/9.12  0.02/0.53
g 10% | 1.70/13.36  0.06/0.72

Figure 3 qualitatively demonstrates the rendering perfor-
mance of our WFT-NeRF and the baseline in extremely
sparse-view scenarios on these challenging datasets. The
baseline exhibits blurry boundaries in rendered images when
significant changes occur in camera poses. In contrast, our
WFT-NeRF produces clearer boundaries, which is beneficial
for subsequent tasks such as WSCLoc implementation of TE-
based random view synthesis and depth-map rendering. The

Fig. 4. Qualitative Evaluation of WFT-NeRF Performance (Hospital
scene in the large-scale Cambridge dataset under 10% sparse-view con-
ditions). Here, we demonstrate the impact of our full WFT-NeRF model
benefiting from explicit scale constraint (SC) and Time Encoding (TE).
Removing TE alone results in less clear image boundaries. Removing SC
only leads to blurry images due to noisy pose labels generated by SfM in
sparse-view scenarios. Removing both TE and SC severely degrades the
quality of rendered images.

PSNR results of NeRF can be found in the ablation study.

F. Ablation Study

1) Effectiveness of Explicit Scale Constraint and Time
Encoding of WFT-NeRF: We evaluated the effectiveness
of Explicit Scale Constraint (SC) and Time Encoding (TE)
in WFT-NeRF under highly sparse-view conditions on the
Cambridge Dataset. We trained the model using 10% of
the train set images and tested the rendering performance
of WFT-NeRF on the complete test set. As shown in Fig.
4, the results of qualitative experiments demonstrate that
the Explicit Time Encoding effectively improves the clarity
of object boundaries in rendering. From the quantitative
results in Table V, we found that in sparse-view scenarios,
the Explicit Scale Constraint provides greater assistance in
improving PSNR by generating more accurate poses.

2) Effectiveness of TE-based RVS and inter-frame geomet-
ric constraints of WFT-Pose: We also evaluated the effective-
ness of TE-based RVS and inter-frame geometric constraints
(IF Loss) in WFT-Pose under the same experimental settings
as IV-F.1. As shown in Table V, we found that in highly
sparse-view scenarios, the inter-frame geometric constraints
provides less assistance in reducing pose errors compared to
TE-based RVS. We attribute this to the sparsity of feature
points matched between adjacent frames in highly sparse-
view scenarios, which weakens the geometric constraints for
relocalization. In future work, we will consider using deep
learning-based feature matching methods to further optimize
its performance.
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TABLE V
ABLATION STUDY 10% IMGS ON CAMBRIDGE DATASET. WE
MEASURE MEDIAN TRANSLATION AND ROTATION ERRORS IN m/°.

WFT-NeRF I WFT-Pose
SC | TE | PSNR || TE-based RVS | IF Loss | Avg. Pose Error
16.20 3.44/6.20
v 19.87 v 2.88/5.90
v 16.80 v 2.92/6.03
v v 20.95 v v 2.85/5.74

V. CONCLUSIONS

In summary, traditional deep learning-based camera re-
localization models heavily rely on manually annotating
dense-view images. While existing weakly-supervised meth-
ods excel in lightweight label generation, their performance
significantly degrades in sparse-view scenarios. To address
these challenges, we introduce WSCLoc, a system capa-
ble of being customized to various deep learning-based
relocalization models to enhance their performance under
weakly-supervised and sparse view conditions. WSCLoc first
generates pose labels by training our WFT-NeRF, then co-
optimizes the target relocalization model with the pre-trained
WFT-NeRF to achieve accurate pose estimation for unseen
images. Our innovations include explicit scale constraint and
time encoding of our WFT-NeRF, as well as Time-Encoding
Based Random View Synthesis and Inter-Frame Geometric
Constraints of our WFT-Pose. Experimental results on di-
verse datasets demonstrate that our weakly-supervised solu-
tions achieve state-of-the-art accuracy performance in sparse-
view scenarios.
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